ABSTRACT Recently, vehicle to everything (V2X) communications have drawn a significant amount of attention. Emerging V2X applications demand the efficient utilization of heterogeneous access technologies, such as long-term evolution (LTE), Wi-Fi, and dedicated short-range communications. This work first develops a software-defined networking-based application-layer scheme to exploit the available bandwidth from the LTE and Wi-Fi networks in vehicle-to-infrastructure (V2I) communication. The newly proposed scheme utilizes the vehicles' states information to obtain an optimal association of the vehicles with different access points for maximizing the system's quality of experience (QoE) of all cars. We then incorporate the vehicle-to-vehicle (V2V) communications to further improve performance when some users' V2I QoEs are not satisfactory. A heuristic solution that jointly determines the resource allocation as well as V2I and V2V connections are derived. The proposed schemes are evaluated in NS-3 to illustrate their good performance and low computational complexity.
I. INTRODUCTION
With the rapid growth of intelligent transportation systems (ITS), vehicles are now equipped with cameras, sensors and other smart devices to provide a safer, more enjoyable and effective driving experience [1] . Moreover, thanks to the ongoing standardization of the fifth generation (5G) wireless communications, vehicles are expected to be connected to everything, which is termed as Vehicle-to-Everything (V2X) communications by the Third Generation Partnership Project (3GPP) group [2] . V2X communications include namely vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I) and vehicle-to-pedestrian (V2P) communications, which make the vehicle Ad-hoc network (VANET) much more effective, safer and smarter [3] .
Cellular networks are perhaps the most widely used wireless media for vehicle communications. Millions of vehicles can now access the Internet via the LTE. However, the cellular network capacity alone cannot fully accommodate the increasing V2X data traffic. Especially, at present, most of the data is video and its volume is expected to increase ten-fold in the near future [4] . Besides cellular networks, alternative technologies have also been adopted in V2V and V2I communications, including Wi-Fi, dedicated short-range communication (DSRC), etc. The heterogeneity nature of the vehicular communications brings new challenges, the research community is thus exploiting a hybrid architecture to support reliable and efficient V2X communications.
Authors in [5] provide an overview of the hybrid cellular-DSRC networks. In particular, they investigate the interworking of DSRC and cellular networks by considering the handover and network selection aspects. However, the two networks are assumed to operate separately and the resource management is therefore lacking. Dey evaluates the performance of the Het-Net, which is constituted of Wi-Fi, DSRC and LTE for V2V and V2I communications [6] . An application layer handover scheme is proposed to enable Het-Net communications. However, vehicles can only access one kind of network at a time, which leads to inefficient utilization of the heterogeneous resources. Although some works [7] - [10] investigate how to use the heterogeneous resource more effectively (e.g., the LTE-WiFi aggregation (LWA) method developed in [10] allows users to access the LTE and Wi-Fi networks at the same time), few of them consider scenarios with vehicle networks.
To facilitate vehicles to receive data traffic simultaneously from more than one network, a software-defined networking (SDN)-based scheme is introduced in this paper. The SDN achieves high efficiency through decoupling the system that makes decisions about where traffic is sent (the control plane) from the underlying systems that physically forward traffic to the selected destination (the data plane) [11] . Some works have already considered SDN-based VANETs [12] - [19] . With SDN visualization, the vehicles, road-side units (RSUs), and wireless infrastructures can all be regarded as SDN switches and managed with a unified interface, which simplifies the integration of heterogeneous networks remarkably. The use of a heterogeneous data plane is considered in [15] and [16] . An SDN-based vehicle network architecture is proposed in [17] . Ku demonstrates how SDN can be used to provide the flexibility and introduces new services and features into VANETs [18] . However, neither of them discuss the resource management issues. Fontes shows the details of SDN-based VANET framework and investigates the resource management in the SDN-based VANET using experimental evaluations [19] . Nevertheless, for simplification, the authors assume the presence of a few cars and RSUs only, without considering other resource management aspects such as rate allocation. An SDN-based heterogeneous resource allocation scheme is proposed with multi-user scenario [20] , however, each user is only allowed to be connected to the closest WiFi AP. This excludes the options of possibly assigning a user to another Wi-Fi AP for better load balancing and/or higher system QoE.
In a realistic VANET scenario, within the coverage of an LTE eNodeB, there may be multiple Wi-Fi APs available, thanks to the rapid growth of Wi-Fi deployments. The qualities of channels from vehicles to LTE eNodeB and Wi-Fi AP are always different due to the various distance and/or interferences. Therefore, the SDN controller should determine the vehicle-Wi-Fi AP association and rate allocation simultaneously to avoid collision and effectively utilize the resource. Besides, when V2V communications are also available for further helping offloading, we need to decide vehicle interconnections as well. The aforementioned resource allocation should be accomplished in a short time period for adapting to the time-varying nature of the V2X scenarios, which requires algorithms with low complexity.
In order to address the above challenges, we develop an SDN-based vehicle network control scheme that enables vehicles accessing the eNodeB node and Wi-Fi APs at the same time. In particular, a new application-layer (APP-layer) V2I scheduling scheme for real-time video transmissions over multi-radio access technology (multi-RAT) systems is established. The proposed scheme decides which access point (AP) a vehicle should be connected to. It also allocates appropriate transmission rates for both Wi-Fi and LTE communications so that the overall system QoE (utility) is maximized. Next, we consider utilizing the V2V communications to help further offload the burden in V2I transmissions. In other words, when the data traffic is high, some vehicles with low utility could rely on others to aid their video delivery. We formulate the resource control problem as an optimization problem with multiple access technologies and multiple cars. Solutions that can be deployed in both centralized and hybrid SDN controllers is developed.
Our main contributions are as follows: 1) We propose a novel V2X communication paradigm with heterogeneous networks and formulate the V2X resource allocation problem in the presence of multiple APs and multiple cars. The optimization framework includes both the rate allocation and vehicle-network association. 2) We propose low-complexity heuristic algorithms to solve the NP-hard resource control problems. The developed algorithms can be used in both centralized and hybrid SDN systems. 3) Using NS-3, we show via simulations that the proposed algorithms yield significant QoE improvement over existing counterparts. The amount of performance enhancement is more pronounced when the network is crowded. The remainder of this paper is organized as follows: Section II summarizes our proposed system framework; Section III presents the problem formulation and discusses the complexity; Section IV tackles the V2I problems and the proposed solutions; Section V tackles the complete V2X, which combines the V2I with V2V approaches, and the proposed solutions; Section VI presents the simulation results and performance evaluations; followed by the discussion and conclusion in Section VII and Section VIII.
Notations: The symbols and notations used in this paper are summarized in Table I. II. SYSTEM FRAMEWORK A. SYSTEM MODEL In this paper, vehicles are assumed to be able to utilize both V2I and V2V communications. V2I communications are between cars and Wi-Fi APs or cellular base stations (BS). In this mode, vehicles can use LTE and Wi-Fi simultaneously. V2V communications are solely among cars. They can use DSRC to communicate with each other.
We consider a heterogeneous network as shown in Figure 1 , which shows the proposed system scenario for uploading videos with multi-cars. In this heterogeneous LTE/WLAN multi-radio network, the SDN controller is connected with the LTE packet data network gateway (PGW), and Wi-Fi APs are within the coverage of the LTE base station. All vehicles can gain access to the LTE eNodeB and one of the RSUs, i.e., Wi-Fi APs close to it simultaneously. In addition to this centralized SDN architecture, a hybrid control mode is also taken into consideration, where the SDN controller shares some tasks with the local base stations and RSUs [18] . The difference is that the controller issues generic abstract policy rules, which are enforced and customized at BSs and RSUs according to their local knowledge. This reduces the overhead due to the need to track the quickly varying vehicle positions at the control plane.
B. UTILITY MODEL
We use the QoE (i.e. the utility) as the performance metric in this work, instead of the traditional QoS, since it is more appropriate for video evaluation and has also been adopted in the ITU standard. It is known that the user experience is not linearly proportional to the transmission rate, since it would saturate at high rates. We shall model the utility as [21] :
where U denotes the utility of the video; d is the transmission rate of the video, which is determined in the application layer; d max is the maximum rate the server can provide. Note that we use the minimum of d and d max , thus, there exists a saturation effect [22] , [23] . Even if a user may enjoy a good channel condition and obtain a higher rate, the actual QoE will not increase due to the presence of the maximum rate; A and B are normalization coefficients to ensure the utility U to stay in the range between 0 and 1, and they are empirically determined for different applications.
We would like to provide some insights into the QoE bottleneck. It is known that if a center server serves too many users at the same time, there is a throughput bottleneck. Since users compete for the resource, the rate allocated to each user will generally decrease when the number of users increases. Notice that if the transmission rate is close to 0, the QoE becomes negative infinity. However, we want to make sure that each user can transmit their videos with a certain acceptable rate so that the QoE remains between 0 and 1. The QoE bottleneck happens when there are too many users in the system. If the server wants to ensure that each user can obtain at least a minimum transmission rate, the total QoE will decrease.
C. APPLICATION SCENARIO
In this paper, we use the uploading scenario as an example to illustrate the operation of the considered SDN-based system. The proposed schemes can also be applied to downloading or other more complicated scenarios as will be discussed in Section VII. The considered use case features a car streaming video to an operation center for safety, traffic monitoring and/or surveillance purposes. Smart vehicles are equipped with cameras to take videos around them, they will upload these videos to the server center for video analyses. Then the center can rebuild the video from different vehicles since users in vehicles may need different videos. For examples, if a car is driving behind a truck, the car driver may need videos taken by the truck. Thus, the car driver could know the things blocked by the truck. Moreover, if a car is driving around a complex corner, the car driver may need a bird-eye view all around that corner or even the live video on the road which the car driver will turn to. When an on-board camera records a video of an accident, the recording of the surrounding area can be shared with a cloud application or cloud assisted autonomous/safety driving purposes.
Let us consider such a vehicle service system where vehicles take videos and upload them to the center server. Vehicles can aggregate data traffic across WLAN APs, LTE base station, and other vehicles. As shown in the example scenario in Figure 1 , there are three Wi-Fi APs and one LTE station. In V2I communications, our task is to decide which vehicle should be connected to which Wi-Fi AP, and what rates should be allocated to it for WLAN channel and LTE accesses.
If the WLAN network has poor quality, the SDN controller can allow vehicles to have a higher transmission rate in the VOLUME 6, 2018 LTE network, and lower the rate for Wi-Fi access. However, when applying this LWA scheme directly to the case with multiple vehicles, it will incur new problems. More specifically, if too many vehicles want to avoid low rates in WLAN, they have to increase their rates for LTE transmission, which may cause congestion in the LTE network due to the limited bandwidth. On the other hand, for a certain vehicle, due to the physical distance to each Wi-Fi being different and the loading of each Wi-Fi varying, the vehicle may prefer to connect to the one that can provide the highest transmission rate based on the current state. This is feasible when there are few cars, however, when a lot of cars are around and close to the same Wi-Fi AP, there will definitely be collisions. As a result, vehicles have to suffer a large latency even they are all very close to a Wi-Fi AP [24] .
Besides, consider a scenario that when the system is full of vehicles, some cars use V2V communications and transmit their videos via a certain car in the car-list. Here, the carlist means the group of nearby cars one can communicate with directly. As shown in Figure 1 , when the system is crowded, car 2 suffers bad LTE and WLAN channels. It can thus utilize the V2V mode and transmits the videos to car 1. Then car 1 helps it to transmit the video through its own channel. Our task now includes considering the rate and Wi-Fi allocation as scenario 1, as well as deciding which car should use V2V mode and connect to whom to help its transmission. However, we cannot justify whether a car should use V2I or V2V just based on its achievable rate. It is also related to the position and channel status of other cars.
The conventional allocation schemes neglect the presence of multiple RSU and V2V vehicle choices when determining the rate allocation and associations, which is inefficient in 5G networks. Novel schemes, which combine the allocation with multiple access technologies, are needed to better exploit the available resources. To maximize the utility function, the problem formulation can be written as follows:
III. PROBLEM FORMULATION AND COMPLEXITY
OPT-1:
where the first inequality models the competition among all cars for the limited bandwidth of the eNodeB: the sum of all transmission rates y,x for V2V cars. To maximize the utility function, the optimization problem can be written as follows:
OPT-2:
The first inequality models the competing relationship among the V2I vehicles for the limited bandwidth of eNodeB. The same competing relationship for the Wi-Fi APs is specified by the second group of constraints. Notice that the rate d x contains two parts, since a V2I car will upload two kinds of videos: d (1) x is the rate reserved for itself to upload the video, and d (2) x is shared with cars with poor link ]) = 1 enforces each V2V car to utilize only one car in its car-list. Here we assume that the main constraint in the V2V communication is the rate a V2I car can share, i.e., the fourth inequality model that for a certain V2I car, the maximum rate those V2V cars connected to itself should be less than the V2I rates it can spare. Besides, we set a threshold of the number of V2V cars Th v2v , since the V2V resource cannot be all occupied in a practical V2X system.
C. COMPLEXITY
As seen from the Eq. (2), the total QoE is jointly contributed by the Wi-Fi and LTE rates for each car, with only one Wi-Fi chosen for each car. This problem cannot be easily solved by the traditional optimization method, since it is an NP-hard mixed-integer problem. Typically, cars are moving with their channel conditions changing continuously. A good controller should respond to these changes quickly, thus, we need to find a solution with low complexity.
Note that, based on the formulation in Eq. (2), if the AP connection for each car is fixed, it is a convex problem, which can be solved by method such as used in [20] . An exhaustive searching algorithm can be used to test all the possible Wi-Fi associations and perform the rate optimization for each association. Although the exhaustive search can guarantee to locate the optimal solution, it has a complexity of O(I N ).
Furthermore, when V2V is taken into consideration, the OPT-2 problem becomes more complicated. First, as mentioned in Section II, we cannot judge a car as V2I or V2V car based on the achievable rate only. Besides, even we can fix the V2I and V2V cars, the connection in V2V will influence the Wi-Fi AP association in V2I, as well as the total QoE. Therefore, it is hard to determine the V2V communication separately from all the achievable rates in V2I communication. If we fix all the V2I and V2V connections, we can calculate the total QoE as given in OPT-1. However, if we want to find the optimal solution, we need to solve the optimization problem for each V2I and V2V combination.
It would take about
iterations to find the optimal solution. In a vehicle communication system, such high complexity is not tolerable. To reduce the algorithmic complexity, in this paper, we propose heuristic schemes which can still allow us to find a close-to-optimal solution with low complexity.
IV. THE SOLUTION OF V2I PROBLEM
In this section, we tackle the V2I problem. First, we use a greedy approach to reduce the complexity. Then we introduce a new penalty function algorithm with lower complexity and guaranteed higher performance.
A. GREEDY ALGORITHM FOR V2I PROBLEM
The greedy algorithm starts with the number of cars is 0 in the system. It places each car into the system and fixes them on each Wi-Fi AP. Solve the OPT-1 with fixed connection N * I times to find the one that improves the objective function most. Then we repeat the searching (N − 1) * I times with the previous connections being fixed. Repeat the optimization until all the vehicles are considered. In each iteration, it is a convex problem and can be solved by the Lagrangian method [25] . This greedy approach has a complexity of O(N 2 I ), which is smaller than that of exhaustive search. It is implemented as Algorithm 1. for n = 1, n ≤ N , n + + do 6: if n ∈ Q C then 7: for i = 1, i ≤ I , i + + do 8: solve the OPT1 when car n is fixed to Wi-Fi AP i; temp = max U Q B +{(n,i)}
9:
if temp > sum then 10: sum = temp; j = n; t = i; 11: end if 12: end for 13: end if 14: end for 15: Update Q B ← Q B + {(j, t)}; Q C ← Q C − {j} 16: end while
B. PENALTY FUNCTION ALGORITHM
To further reduce the algorithm complexity and improve performance, we propose a provably near-optimal solution. We introduce a penalty function into the problem. To be specific, the penalty function is a regularization term, which is the square root of the 1 
Thus, the problem can be written as:
OPT-3: 
We analyze theoretically the optimization problem in (4) using the Karush-Kuhn-Tucker (KKT) optimality conditions. The problem in (4) is convex, the set of covariance matrices with the trace constraint is convex and the Slater condition is satisfied. Therefore, the KKT conditions are sufficient and necessary in this case. It is a convex optimization problem which can be effectively solved by existing tools such as CVX [26] or method in [20] . We derive the Lagrangian and the KKT conditions in Appendix A.
Notice that the solution can potentially make vehicles connect to more than one AP after the relaxation of the constraints. However, due to the penalty function, only few vehicles would be connected to more than one APs, and the rest are connected to one AP only. If the value of d wifi n,i is larger than the threshold Th, we regard this vehicle n is connected to Wi-Fi AP i. Based on this step, we can identify vehicles which are connected to more than one AP. Here we empirically set the threshold Th = 1/10 * r wifi n,i , which is used to make sure that vehicles can utilize their good channel states and decrease the influence of penalty function. After that, we can use greedy search methods on vehicles with multiple assigned APs while keeping the connections of other vehicles fixed to find a sub-optimal solution. The procedure is summarized in Algorithm 2.
The complexity of this algorithm is O(NI ). Actually, we can adjust the size of λ in Eq. (4) and the threshold Th to optimize the search. The algorithm can be included as a module of the SDN controller. Whenever changes in vehicles radio states exceed a certain degree, or new flows occur, the convergence loop in the gradient projection method would be iterated from the previous point, rather than from the initial point, for faster convergence. Thus, when vehicles are moving, the controller can respond to the rate allocation and Wi-Fi AP association quickly.
V. THE SOLUTION OF V2X PROBLEM
Because of the high complexity of the V2X problem we discussed, we have to use some heuristic algorithms which can reach a near-optimal solution with lower complexity. In this section, we use the greedy approach first, and propose a heuristic algorithm with lower complexity and higher performance guarantees. end for 10: end for 11: for n = 1, n ≤ N , n + + do 12 :
Update Q A ← Q A + {n} 14: end if 15 : end for 16: Use exhaustive search or greedy search on cars in Q A while keeping other cars' AP associations fixed.
A. GREEDY ALGORITHM FOR V2X PROBLEM
This algorithm finds a solution to OPT-2 in a greedy manner, rather than using a systematic optimization procedure. The proposed iterative algorithm starts with the number of cars is 0 in the system. In each iteration, it greedily places the car into the system as V2I car that yields the largest QoE. Unlike the greedy algorithm in V2I problem, here it first terminates if the total QoE drops and the number of remaining cars becomes smaller than the maximum number it allows in V2V communication or all the cars have been assigned. If it terminates with cars remaining, we should place the remaining cars into the system as V2V cars. From the first step, we can get the rates the V2I cars can share. Based on that, we can place the V2V cars into the system that most improves the objective function (3). Specifically, in each iteration, we need to use greedy approach on each car searching all the V2I cars in his car-list to reach the best QoE. Note that, in a practical system, there exists such a scenario: for a certain V2V car, if there is no nearby car to help it upload the video. It has to use V2I mode and we need to redefine it as a V2I car. Repeat the searching procedure and fix the connection of previous V2V cars until all the cars are assigned. The V2V greedy algorithm is summarized in Algorithm 3. This method still needs too many iterations. At each iteration, it evaluates U (·) after each car is assigned to different RSUs or V2I cars.
B. HEURISTIC ALGORITHM FOR V2X PROBLEM
To overcome the high complexity issues involved in the greedy solution presented in Section V(A), in this section, for n = 1, n ≤ N , n + + do 7: if n ∈ Q left then 8: for i = 1, i ≤ I , i + + do 9: solve the OPT1 when car n is fixed to Wi-Fi AP i; temp = max U Q V 2I +{(n,i)}
10:
if temp > sum then 11: sum = temp; j = n; t = i; 12: end if 13: end for 14: end if 15: end for 16: if temp ≥ last then 17: Update Update Q V 2V ← Q V 2V + {n}; Q left ← Q left − {n} 32: end while we present a heuristic algorithm that allows us to find a nearoptimal solution with a very low complexity for the V2X problem. First, treat all the vehicles as V2I vehicles, and use Algorithm 2 to solve the OPT-1 problem. Second, determine whether the system reaches the QoE bottleneck and which cars should use V2V communication based on the results in Step 1. We shall compare the utility over the cost based on Step 1, as defined to be µ n = U n d n /r n , which shows how much utility one can reach with unit resource. Then we can sort this value in an ascending order and exclude the first one from the V2I group. Repeat the above process until the QoE can reaches the peak or it reaches the maximum number of vehicles allowed in V2V communication. This step is summarized in Algorithm 4.
Algorithm 4 Determining Algorithm
1: Variable definition Q V 2I : the set of V2I cars Q V 2V : the set of V2V cars µ n : utility over the cost on car n U Q : the total utility of cars in the set of
Sort µ n in ascending order with index j 5: for j = 1, n ≤ Th v2v , j + + do 6 :
if U temp ≥ U 0 then 8: Third, we need to determine the connection relationship in V2V communication together with the rate allocation and RSU association in V2I communication. Since V2I cars will help V2V car transmit the video finally, we can use a conversion in the problem and replace a V2V car to a new V2I car whose state and achievable rate are the same as its connected V2I car. Thus, the new problem after the conversion can be written as:
OPT-4: where the state of each V2V cars should be replaced by its connected V2I cars. We greedily place each V2V car based on its car-list. At each iteration, we place the V2V car and use Algorithm 2 to convert the problem and maximize the utility in OPT-4 until all the V2V cars are assigned. During this step, we only fix the V2V cars already assigned, i.e., the conversion, while the RSU association in V2I communication will keep updating with the iteration. Note that the LTE base station and the Wi-Fi APs only communicate with V2I cars. The actual rate a V2I car will be allocated is the sum of its rate and the rate of all the cars connected to it. Therefore, we need to make sure that after the new optimization, the V2V cars are connected to the same AP as their associated V2I cars. We need to use a deciding function d Greedily search the carlist of car n and convert to OPT-4, temp = maxU Q V 2I +n
8:
if temp > sum then 9: sum = temp; We can find that the algorithm terminates after about NIX iterations, which are very small when compared with other methods. Despite the lack of theoretical performance guarantees, our algorithm performs remarkedly better than existing rate allocation schemes, as we will show in the next section. Moreover, the heuristic scheme has the following advantages:
1) The scheme tackles the problem of QoE bottleneck with limited resource. It ensures that the V2I resource will be fully utilized first, and then we explore the V2V resource to further enhance the total utility. 2) Our scheme has a very low complexity and high performance, which can reduce latency in practical vehicle communication systems.
3) The scheme can respond quickly to the changes in moving scenarios. Whenever changes in vehicles radio states exceed a certain extent, or new vehicles occur, the convergence loop in the optimization is continuously iterated from the previous point, rather than from the initial point, for faster convergence. 4) The scheme not only can be used in the centralized control mode, but also can be extended to handle hybrid control mode scenarios where the controller delegates control of packet processing details to local agents. Since RSUs can process algorithms separately according to their local knowledge and save time on tracking the vehicle states, our algorithm is especially suited for latency sensitive scenarios.
VI. PERFORMANCE EVALUATION
In this section, the effectiveness and superior performance of the proposed APP-layer scheduling scheme is demonstrated via simulations. Overall, the achieved utilities of our proposed algorithm are 40% higher than benchmark techniques. The amount of improvement is more pronounced with increased number of users. The rest of this section presents the results in details. We begin with describing the benchmark algorithms and the simulation setup. The multi-RAT scenario in consideration is illustrated in Figure 1 . There are 20 cars, a remote server with an SDN controller, one eNodeB and three Wi-Fi APs. They can access any of the Wi-Fi APs and LTE at the same time and their achievable rates can be calculated based on positions and channel quality information. The initial bandwidth of LTE and each Wi-Fi AP is set as 20MHz and 15MHz respectively. We use the network simulator 3 (NS-3) and Matlab 2016 as the simulation platforms. IEEE 802.11 WiFi APs and default LTE parameters are used in the associated module of NS-3.
To show that our method is widely applicable, we consider 7 scenarios for V2I communications. Besides, one centralized control mode scenario and one hybrid control scenario are used in V2X communications. We introduce here the concept of preference Wi-Fi AP. For the vehicles, there are several Wi-Fi APs they can choose in the area. Some may have a higher achievable rate than others due to the location and/or the competition with other vehicles. We define the preference Wi-Fi AP for a specific vehicle as the AP that the vehicle can attain the highest achievable rate based on the current channel condition state.
A. RESULTS OF V2I-ONLY COMMUNICATION
For V2I problem, we compare our proposed methods (greedy and penalty function methods) with these methods:
1. Non-SDN based method: It optimizes the LTE and Wi-Fi resource allocation separately.
2. Choose the preference Wi-Fi AP: It is an SDN based method that only considers the rate adaption with multi-RAT resource while neglecting the presence of multiple Wi-Fi choices.
3. Exhaustive Search Method: It is an SDN-based method as we described in Section III. It will take a long time for 3394 VOLUME 6, 2018 computation and as a result, we only conduct this algorithm for the following small-scale scenarios for performance verification purpose. Nonetheless, it is not considered in other experiments when the number of vehicles becomes large.
Six scenarios are created to test the feasibility and performance of the proposed algorithms: 1) Scenario 1: All channel conditions of the Wi-Fi APs and LTE are good. The vehicles are uniformly distributed, with their preference Wi-Fi APs being different.
2) Scenario 2: All channel conditions of the Wi-Fi APs are good whereas with a not-so-good LTE (5M ). Thus, most cars cannot reach sufficiently high achievable rates.
3) Scenario 3: All vehicles are close to Wi-Fi AP 1, and the achievable rates of all cars on Wi-Fi AP 1 are higher than those on the remaining APs. i.e., all cars' preference Wi-Fi AP is AP 1, and the LTE channel is good enough. 4) Scenario 4: All cars are close to Wi-Fi AP 1, and the achievable rates of all cars on Wi-Fi AP 1 are higher than those on the remaining APs. i.e., all cars' preference Wi-Fi AP is AP 1, while the LTE channel is not-so-good (5M ). 5) Scenario 5: All cars' locations are uniformly placed in the system. All channel conditions of LTE are good whereas with a not-so-good WLAN (5M each). From Figure 2 , it is obvious that our methods (Penalty Function method and Greedy method) are much better than others in terms of obtained system QoE, especially the heuristic method outperforms others in all the simulated scenarios and can be even as good as the exhaustive method. All the algorithms perform similarly in Scenario 1, since the network is good enough and no competition happens. However, when there is congestion in LTE or Wi-Fi, like Scenario 2 and Scenario 5, the non-SDN based method performs much worse than others as expected because it does not utilize both LTE/Wi-Fi resources simultaneously to help each other's offloading. The preference Wi-Fi scheme shows degraded performance in Scenarios 3 and 4, it is reasonable because all vehicles want to connect to the first Wi-Fi and they have to compete for the limited resources. As a result, the presence of collision prevents a high QoE. Since the Penalty Function method considers the Wi-Fi choice and the two different rates of allocation together, it achieves the best QoE in all scenarios. Notice that it achieves the optimal solution as the exhaustive algorithm except in Scenario 5, where our scheme performs slightly worse than the exhaustive search. Although it cannot achieve the globally optimal all the time, the time complexity in this scenario is only 0.02% of that in exhaustive algorithm. Figure 3 (a) reveals that our method performs better than others when the number of vehicles increases. The total utility decreases when the number of vehicles reaches 15, this is due to the QoE bottleneck we discussed in Section II(B). When the server wants to provide each user with an acceptable rate, the total QoE will drop, as expected. Since the resource is limited, and to ensure the QoE of every vehicle, the rate allocated on each one cannot be too high or too low, which results in such outcome. Figure 3(b) illustrates that our method can always reach a higher throughput than other methods. One interesting observation is that even the QoE rises monotonically with increasing number of vehicles, the throughput sometimes decreases due to the fact that our primary objective is to maximize the QoE. When a new vehicle enters the system, the server needs to allocate an appropriate rate to ensure a high total utility. Therefore, others cannot get enough rates as before, resulting in a decrease in the total throughput. We also try the following two scenarios to see the dynamic adaptation of our proposed QoE solution: 6) Scenario 6: The LTE bandwidth decreases along the time. Thus, the achievable rate for each car is also decreased. 7) Scenario 7: Three cars are moving in a low speed, while others stay static. Unlike the scenario 6, the achievable rate for some vehicle changes dynamically. Since their moving speeds vary, their achievable rates change in different ways respectively, while others' achievable rates are constant.
These two scenarios adequately highlight the adaptation of Wi-Fi choice as well as the resource allocation of our proposed algorithm in response to heterogeneous bandwidth change for each car. In Figure 4 , the available bandwidth in the network decreases with the time and vehicles are uniformly distributed as Scenario 1. We can see that the gap increases when the available bandwidth decreases. Greedy method performs poorly due to its randomness in searching the optimal solution. While our Penalty Function method performs consistently well. In Figure 5 , three cars (Cars 3, 6 and 9) are moving, their states change with time. We can find that other methods cannot reach a high performance reliably. However, since the convergence loop in our proposed algorithm is continuously iterated from the previous point with mobile scenarios, the complexity and response time is very low. Figure 5(b) shows the detailed changes of rates on serval cars in our method. Importantly, not only the moving cars change their Wi-Fi AP connections but also the static cars. It illustrates that when someone's state change or new flow occurs, the change will influence others' connection due to the multiple access and multiple Wi-Fi AP choices. Our penalty function method considers the entire system and the influence of moving vehicles on the resource static vehicles can get. Therefore, it can avoid the collisions all the time.
B. RESULTS OF V2X COMMUNICATION
For the V2X problem with both V2I and V2V communication, we also compare our proposed methods with non-SDN based method and choose the preference one method which only considers the rate adaption with multi-RAT resource while neglecting the multiple choices. Those methods both utilize the V2V communication. The maximum number of cars allowed in V2V communication Th v2v is set as 3. We use a scenario where cars are uniformly distributed around Wi-Fi APs. And the new cars are coming around Wi-Fi AP 1 when the number of vehicles increases, i.e., achievable rates of them on Wi-Fi AP 1 is higher than those of the rest APs. We compare the total QoE in the system achieved by above schemes as a function of number of vehicles and the size of LTE bandwidth. It is obvious that our methods (greedy method and heuristic method) are much better than others as shown in Figure 6 . The proposed scheme consistently outperforms others, there are more gains when more vehicles (up to 50%).
Importantly, from Figure 6 , we can find that with the penalty algorithm where only V2I communication is used, the total utility drops when the number of cars reaches 16. As illustrated in V2I parts, due to the QoE bottleneck, each car cannot get enough utility if the server wants to satisfy everyone. Whereas, with the utilization of V2V communication, we can observe that the total QoE no longer decreases (until 20) with the increase of number of cars. More detailed information of our heuristic method about Figure 6 is given in Table 2:   TABLE 2 . Number of V2V cars and throughput in V2V communication.
The throughput and the number of vehicles in V2V communication increases at the beginning, as well as the total QoE. However, the throughput will trend to saturate. Finally, the total QoE drops when the number of cars reaches 20 as shown in Figure 6 , since the number of V2V cars has also reached the maximum allowed in the system. As a result, no enough resource can support more vehicles in the system. Moreover, Fig. 6 reveals that our heuristic scheme is specifically fit for the crowded scenario when vehicles are gathering around a unique Wi-Fi AP. An important observation is that, greedy method performs well when the scenario is in smallscale. Whereas it cannot reach a high utility when there are lots of vehicles crowded around the RSU. It is reasonable because the greedy algorithm and other algorithms cannot fully consider the multiple Wi-Fi achievable rates. As shown in V2I parts, new flow occurs, and states change will influence the connection of others. Similarly, if we cannot solve the problem in a systematic way, the V2V connection and V2I connection will influence each other's performance. As a result, such searching cannot get the optimal solution. However, our heuristic method overcomes the problem and effectively searches the V2I and V2V simultaneously, it reaches such a high performance in all scenarios.
Additionally, we apply our heuristic scheme into a hybrid control mode scenario to prove the flexibility of our scheme. In this mode, instead of holding complete control, the controller only instructs RSUs with policy rules which define general behavior [18] . Each RSU can still use algorithms in our scheme with their local knowledge on vehicles. Without the information of all the vehicles, the controller cannot assign the V2I and V2V cars from a global perspective. Thus, it cannot reach the best performance as the central control mode does (see Figure 6 ). However, it can avoid the overhead incurred in tracking the quickly varying vehicle positions at the control plane and save resource and time in the feedback link. Figure 7 shows the performance of each method when bandwidth changes. The same observation can be found, and our methods outperform others continuously. Figure 8 illustrates the performance under a moving scenario. Vehicles are moving on the road based on a low speed urban vehicle model as in [27] . The schemes respond to the network changes every 10 seconds. The initial number of vehicles is 20, but vehicles move in and out of the system along the time. As expected, our heuristic scheme performs much better than others, with the time complexity being only 10% of the greedy method. Since the controller module can process the optimization from the previous result, the convergence of our proposed algorithm is very fast.
VII. DISCUSSION
We use uploading scenarios as examples to illustrate our V2X resource allocation schemes. When it comes to downloading, the rates of videos are always set as discrete rather than continuous. For example, in a DASH system, several representations of a video with different rates can be used. Thus, the V2X problem becomes a fractional knapsack problem. The server should decide the representation for each video. With the rapid growth of VR technologies, the video applied in V2X may be 360-degree VR videos or even AR videos. As a result, different metrics should be used to evaluate the utility in these scenarios. Furthermore, the video rate can also take object detection into consideration, i.e., videos have more objects or moving pedestrians will be allocated higher rates. Except maximizing the total QoE, we can apply our algorithms on other goals, such as max-min fairness to ensure the fairness in the system. It seeks to maximize the minimum rate of the vehicles, where our strategy is still applicable. If we can predict the moving speed of a car in a long period, we can allocate vehicles to appropriate RSUs to minimize the handover cost. We will also consider the channel fading effects caused by the movement and the resulting cost and delay due to the changes of Wi-Fi AP connections in our future work.
VIII. CONCLUSION
In this paper, we utilize the LTE and Wi-Fi access technology simultaneously in the SDN-based vehicle communication system. We first propose an APP-layer scheduling scheme in V2I communication with multi-radio networks and multiusers access. To further improve the performance in V2X system, we formulate a problem with V2V communication to support V2I. To overcome the NP-Hardness nature of the V2X allocation problem, we introduce a heuristic algorithm with performance guarantees, and evaluate its efficacy through a careful numerical analysis. The results demonstrate that our method can additionally exploit heterogeneous resource collectively in V2X systems and outperforms other methods consistently in several test scenarios. Overall, our work can be seen as an attempt to combine SDN-based heterogeneous networks and vehicle communication as a means of improving QoE in 5G vehicle networks. The Lagrangian of (6) The KKT conditions for the optimal covariance matrices that solve optimization problem in (6) 
